Abstract. This paper presents a fully automated method for detection and segmentation of liver metastases in serial computed tomography (CT) examinations. Our method uses a given two-dimensional baseline segmentation mask for identifying the lesion location in the follow-up CT and locating surrounding tissues, using nonrigid image registration and template matching, in order to reduce the search area for segmentation. Adaptive region growing and mean-shift clustering are used to obtain the lesion segmentation. Our database contains 127 cases from the CT abdomen unit at Sheba Medical Center. Development of the methodology was conducted using 22 of the cases, and testing was conducted on the remaining 105 cases. Results show that 94 of the 105 lesions were detected, for an overall matching rate of 90% making the correct RECIST 1.1 assessment in 88% of the cases. The average Dice index was 0.83 AE 0.08, the average sensitivity was 0.82 AE 0.13, and the positive predictive value was 0.87 AE 0.11. In 92% of the rated cases, the results were classified by the radiologists as acceptable or better. The segmentation performance, matching rate, and RECIST assessment results hence appear promising.
Introduction
The liver is one of the most common organs to develop metastases. Metastatic liver lesions can be derived from different primary cancer types, including melanoma, breast cancer, colon cancer, neuroendocrine, and pancreatic cancer. Most liver metastases are multiple and vary extensively in size. In some cases, a growing metastatic lesion compresses adjacent liver parenchyma, causing atrophy and forming a connective tissue rim. A common feature of large metastatic lesions is the appearance of necrosis in the center of the lesion. 1 These features, among others, make computerized liver lesions detection a difficult task.
Computed tomography (CT) is one of the most common modalities used for detection, diagnosis, and follow-up (FU) of liver lesions. 2 The images are acquired before and after intravenous injection of a contrast agent. Radiologists usually detect and diagnose liver lesions based on the different density of the lesions at different points in time of the scan with optimal detection on the portal phase (60 to 80 s post-injection) images. When the diagnosis indicates metastatic liver lesions, FU CT examinations are conducted every few months. The FU examinations are used to assess the success of a given therapy, where the main criterion for therapy evaluation is change in tumor size. This is done by comparing the diameter between corresponding lesions (RECIST criteria). 3 Tracking lesions over time and measuring diameter size is a time-consuming task requiring the radiologist to compare two three-dimensional (3-D) CT scans, which may include multiple metastases. The difficulty of this task highlights the need for computerized analysis to assist clinicians in the detection and evaluation of the size of liver metastases in FU examinations.
Several methods for detection of matching lesions have been introduced in the literature. To the best of our knowledge, only a few works have focused on liver metastases. Moltz et al. 4 detected a matching lesion using gray value filtering, and detected circular structures with a Hough transform and template matching. Their data contained lung nodules, liver metastases, and lymph nodes. The detection rate for liver metastases was 84.1% for data that included mostly hypodense lesions. Another method for matching lesions was proposed by Charnoz et al. 5 They computed a deformation field for the liver based on vessel tree matching and applied it to the lesions. This method was tested on a large synthetic database.
Liver lesion segmentation is a challenging research problem that has attracted a great deal of attention in recent years. The "3D Segmentation in the Clinic: A Grand Challenge I" at MICCAI 2008 workshop, 6 provided a good overview of the methods developed up to 2008. The most accurate automated method at this workshop was presented by Shimizu et al., 7 who used the AdaBoost technique to separate liver tumors from normal liver tissue based on several local image features. Kuhnigk et al. 8 proposed a method for lung nodules, combining a threshold-based approach with model-based morphological processing that was recently adapted to liver metastases by Moltz et al. 9 and reported a volumetric overlap error of 31%. Schwier et al. 10 suggested an object-based analysis for automatic detection and segmentation of hypodense liver lesions. In 89% of the cases, the segmentation delivered appropriate quality as evaluated by two radiologists. Militzer et al. 11 presented a system for automatic detection and segmentation of focal liver lesions in CT images. Their system utilized a probabilistic boosting tree to classify points in the liver as either lesion or parenchyma, providing both detection and segmentation of mainly hypodense lesions. They achieved a detection rate of 71% with 14.4 false positives (FPs) per patient. For the segmentation of correctly detected lesions, they achieved 0.95 sensitivity and 0.93 specificity. Automatic methods for FU examinations are of great interest in clinical practice. Various works have stressed the need for an automatic lesion tracking tool that can identify the target lesions in the FU CT and evaluate the lesion size measurements. Moltz et al. 12 evaluated the clinical benefit of an automatic lesion tracking tool that identifies the target lesions in the FU CT and precomputes the lesion volumes with manual refinement steps in case of failure. They showed that their automatic lesion tracking tool can make interpretation of FU CT examinations quicker and provide results that are less reader-dependent. Their data included lung lesions, liver lesions, and lymph nodes. Keil et al. 13 compared semi-automated software measurements with manual assessment of different types of liver metastases. They found a strong correlation between measurement techniques. Xu et al.
14 described a method to automatically and reproducibly identify and segment abnormal lymph nodes in serial CT exams. They obtained a search area using the baseline image and then applied an adaptive region-growing algorithm.
The current work focuses on metastatic lesions in the liver using serial CT examinations (portal phase). We present a fully automated algorithm for detection and tracking of lesions, along with segmentation of the lesions given a baseline segmentation mask. The underlying methodology is an adaptation of Xu et al.
14 to liver lesions. Additional features were added to deal with the large variability of liver metastatic lesions in size, shape, and texture. The presented work is an extension to our earlier work in Ref. 15 with augmented methodology and substantially increased set of cases.
The contribution of this work includes the following:
• The method presented in this work utilizes information taken from the baseline CT as context to the FU CT.
• The algorithm was designed to imitate the radiologist's way of work in tracking and segmenting liver metastatic lesions.
• Results are shown on data taken from a real-world clinical setting with varying scanner properties and varying types of liver metastatic lesions.
The method proposed is presented in Sec. 2. Experimental results are shown in Sec. 3. The experiments include overall parameter optimization analysis as well as comparison across alternative algorithmic solutions to the task. In Sec. 4, a discussion of the results is presented followed by a conclusion of the work.
Methods
The algorithm inputs include a single cross-sectional slice of a baseline CT scan (portal phase) with identified and circumscribed single lesion marked by an expert radiologist as well as FU CT slices. In actual clinical practice, for therapy evaluation purposes, physicians compare the longest diameter (LD) between corresponding lesions between a baseline and a FU scan. A cross-sectional slice is found containing the lesion where its LD can be measured. This slice, as selected by the expert, is used in this work as the manually segmented slice in the baseline CT.
The proposed analysis framework is composed of four main stages as can be seen in the block diagram of Fig. 1: (1) finding a slice containing the lesion in the FU scan; (2) constraining the search region in the FU scan based on the prior CT study; (3) segmenting the corresponding lesions; and (4) propagating the segmentation mask to 3-D segmentation. Specific features were added in certain difficult special cases. These cases include peripheral lesions (Sec. 2.1), low contrast or lesions with high variability (Sec. 2.3), and small lesions (Sec. 2.5). The special cases are automatically detected by the algorithm and are treated with special care. In the following, we provide additional detail for each stage.
Registration and Alignment: Finding a Slice
Containing the Lesion
Given an input slice in the baseline CT, the first step of the algorithm determines a corresponding slice in the FU CT. In the search for the slice of interest, we used several key steps. These include automated delineation of the liver volume within the 3-D volume, registration of each slice within the extracted volume to the baseline CT slice, and finally localization of the lesion within the selected set of slices. Given a complete FU CT volume, the first step uses coarse volume segmentation, via clustering, in order to efficiently find a subset of slices that contained the liver organ. We apply mean-shift clustering 16 to the midcoronal slice set of the FU CT. Mean shift is a robust unsupervised clustering method that does not require prior knowledge of the number of clusters. It classifies the pixels into a few clusters according to the discontinuity of the intensity distribution. Each pixel is, thus, replaced by the local density maximum. This procedure yields many homogeneous clusters. In practice, the mean-shift algorithm uses the following parameters: the spatial bandwidth (h s ), the range bandwidth (h r ), and the size in pixels of the smallest allowed region. The spatial bandwidth defines a spatial search window, and the range bandwidth controls the gray-level intensity resolution. Based on empirical studies, we selected the following set of parameters: h s ¼ 6 pixels (approximately 12 mm for coronal slices and 6 mm for axial slices); h r ¼ 10 HU (Hounsfield units); smallest allowed output region defined as 10 pixels (approximately 10 mm 2 for coronal slices and 3 mm 2 for axial slices). This set of parameters was used for all processing steps involving mean-shift throughout the work. Following the clustering phase, physiological-based rules that focus on the relative location, size, and expected range of HU values for the liver organ are used to select a relevant set of slices for further analysis. We search for the largest region in the right half of the mean-shift map that is above the lower quartile of the scan and in the range of 75 to 130 HU. The selected intensity range includes normal and abnormal liver parenchyma values in the portal phase [ Figs. 2(a) and 2(b) ]. Liver size depends on several factors such as age, sex, body size, and shape. Normal length values of the liver in the midsternal line vary from 4 to 8.5 cm depending on these factors. 17 Typically, there is suspicion of an enlarged liver when metastatic lesions occur. Thus, if the extracted region height is less than 10.5 cm, the next largest region that meets the above criterion is considered as a potential liver region. In the current work, we used constant liver specification values for all patients. These values can be easily adjusted for different sex, height, and weight. Following the mean-shift-based clustering step, which generates a coarse segmentation of the liver in the z-axis, a subset of slices is extracted for the second analysis step. In this second step, all selected transverse plane slices are registered to the baseline slice. A two-dimensional (2-D) affine registration algorithm is initially applied, minimizing the mean square error (MSE) [ Fig. 2(c) ]. The slice with the minimum MSE along with 10 neighboring slices (5 above and 5 below) are selected and further processed. The affine transformation captures only the global motion of the liver. An additional transformation is required, which models the local deformation of the liver. The nature of the local deformation of the liver can significantly vary across patients as a result of breathing. Therefore, it is difficult to describe the local deformation via parameterized transformations. We next apply 2-D cubic B-spline registration to minimize the residual complexity (RC) as proposed by Myronenko and Song. 18 This similarity measure favors a registration with minimum compression complexity of the difference (residual) image between the two registered images; empirical tests have shown that RC outperforms other similarity measures, including sum-of-squareddifferences, mutual information, correlation ratio, and correlation coefficient (CC). 18 The transformation was modeled using a free-form deformation transformation with three hierarchical levels of B-spline control points. 19 Finally, in the third processing step, we perform a search for the lesion that is most similar to the baseline lesion within the set of registered slices. The slice in which this lesion was found is selected as the slice of interest for further processing and refined lesion segmentation. The bounding box of the lesion in the baseline input is used as a template. A template-matching procedure is conducted in a small search area on each registered slice in the FU CT, surrounding the baseline lesion mask at a distance of d ¼ 20 mm from each edge of the bounding box [ Fig. 2(d) ]. The measure used for lesion matching combines the largest normalized cross-correlation coefficient found in each slice along with its distance from the center of the lesion in the baseline, using the following framework:
1. SET maxCC to zero and minDist to ∞.
FOR all slices in the search region:
(a) Set CC and dist to be the maximum normalized cross-correlation coefficient value and its spatial distance from the center of the lesion in the baseline for the current slice, respectively.
OR (CC > maxCC AND ðdist-min DistÞ < 10) THEN i. SET closest slice to be the current slice. ii. SET maxCC to CC. iii. SET minDist to dist.
3.
END IF
END FOR

Handling the case of peripheral lesions
Peripheral lesions located adjacent to dark regions outside the liver boundary contain intensity values below −10 HU in the baseline bounding box. In such cases, the boundary between the liver and low-value pixels representing air or liquid dominates the difference between the lesion and the liver parenchyma; this causes the template matching to find the shape of the liver boundary instead of the lesion. For such cases, we therefore stop at the MSE comparison between the slices and do not proceed to the lesion-level processing.
Constraining the Search Region in the Follow-Up Scan
The underlying methodology to segment the lesion in a FU image is based on region growing. We augment the regiongrowing algorithm by utilizing the information provided by the baseline scan. First, seed pixels are taken from the baseline scan and found on the new scan using the alignment step in Sec. 2.1. Second, a set of masks, derived from the mean-shift regions in the baseline scan, is used to support the regiongrowing algorithm in the FU scan by constraining the search area. The main assumption is that the tissues surrounding a lesion should not substantially vary between each pair of CT studies. We identify surrounding tissues in the baseline scan and use them to constrain the search area in the FU scan. Mean-shift clustering is used on the baseline CT image containing the lesion to identify specific regions of interest (ROI) surrounding the marked lesion. From the mean-shift segmentation map, we extract regions that are spatially close to the (expertmarked) lesion and have different intensity from the lesion (these may correspond to blood vessels, the liver boundary, or other tissues) as well as regions that are spatially close and have very similar intensity to the lesion intensity (such as other proximal lesions or surrounding tissues with very similar intensity). We term the first set of regions, R1, and the second set, R2, respectively. The process of extracting the set of regions is as follows. We first compute the pixel mean intensity I lesion mean and standard deviation I std of the expert-marked lesion. To find R1 regions, we search for regions with an absolute difference between their mean intensity and the lesion mean intensity (I lesion mean ) that is greater than: w a · I std (w a ¼ 3), and at a location fewer than d pixels (d ¼ 30) from the lesion. To identify R2 regions, we search for similar-intensity regions that contain pixels with intensity values that are fewer than 10 HU away from I lesion mean , and fewer than d pixels (d ¼ 30) from the lesion in the baseline image but more than five pixels away (to ensure we do not select mean-shift regions from the originally marked lesion).
Three masks were defined to constrain the search area, as follows: Mask Ma removes regions R1 and R2 found in the baseline scan, from the FU slice of interest (using the alignment of Sec. 2.1). We apply dilation to the mask to prevent loss of areas that are part of the lesion. An intensity mask, Mb, removes pixels from the slice of interest in the FU scan, where the absolute difference between the pixels and I lesion mean is more than w b · I std (w b ¼ 2). We apply a median filter and opening to the mask to reduce noise. Mask Mc removes the ribs and muscles from the search area using the mean-shift segmentation of the slice of interest in the FU scan. Generating Mc entails the following: all regions with intensity levels below 75 HU or above 130 HU are removed (a coarse thresholding that includes the normal intensities of internal organs). The mask contour is approximated by applying opening, dilation, and using a convex hull. The final mask that constrains the search area is a combination of the three masks
Examples of the masks generated by the algorithm are shown in Fig. 3 . Figure 3(a) shows a cropped baseline CT scan with a lesion outlined by a radiologist. Figure 3(b) shows the corresponding R1 regions (green) and R2 regions (red) for that example. Figure 3(c) shows the same lesion in the FU CT scan, as outlined by a radiologist. The corresponding extracted mask Mb is shown in Fig. 3(d) . Figure 3(e) shows the entire FU slice of interest and Fig. 3(f) shows the thresholded result, which is used to create mask Mc in Fig. 3(g) . Figure 3(h) shows the result of applying mask Mc on the FU slice of interest.
Segmentation of the Lesion in the Follow-Up Scan
Next, adaptive region growing is performed on the FU scan. The goal of this stage is to be able to find very subtle lesion changes, while constraining the algorithm from diverging too widely within the liver and its surroundings. Two key points determine the behavior of the region-growing algorithm: the selection of an initial seed point, and the set of constraints used to support the termination of the region-growing process. Specifics of the steps taken in the current work are detailed next. Seed pixels in the new scan are found as follows: starting with the lesion outline in the baseline scan, n-fold erosion is applied to the outline and the results are projected to the FU scan.
14 An optimal threshold value t in the region-growing algorithm was chosen to maximize the compactness of the boundary, 14 defined as CðtÞ ¼ A∕P 2 , where A is the area and P is the perimeter, with two main conditions:
1. The difference between the mean intensity of the lesion in the baseline and the region found is less than 25 HU.
2. The relative difference between the intensity STD of the lesion in the baseline and the region found is below 50%.
The two conditions above were added to make sure that the segmentation process is done on the corresponding lesion by maintaining similar HU to the lesion in the baseline scan. The final segmentation is defined as the convex hull of the region, found by the region-growing procedure followed by opening and closing operations to obtain smooth boundaries.
Algorithm refinement for low contrast and highly variable lesions
Cases of low contrast can be automatically detected when no optimization is found for the threshold, t, or 90 HU < I mean < 110 HU (the lesion has low contrast as compared to normal parenchyma values). In such cases, a refinement of the selected seed points is done as follows:
1. Thresholding using the mean intensity of the parenchyma P, estimated as the histogram peak value (in the range of 70 to 130 HU), and I mean . For hyperdense lesions with I mean higher than P, pixels whose intensity level is lower than P þ 15 HU or higher than 200 HU are removed. For hypo-dense lesions with I mean lower than P, pixels whose intensity level is higher than P − 15 HU or lower than I mean − 35 HU are removed.
2. Applying template matching using the lesion in the baseline, finding the object with max cross correlation.
3. Applying n-fold erosion to obtain new seed points for the adaptive region growing.
Another refinement of the result is needed for lesions that have high variability expressed by a large set of regions (e.g., 12) within the lesion area in the baseline scan (following the mean shift). In this case, we use the mean-shift segmentation of the FU scan. Regions that are partially outside the boundary, as found in the final region-growing result, are added with their external part. Regions that overlap with the masks found in Sec. 2.2 are not added. Figure 4 presents an example of the different stages presented in our algorithm. In Figs. 4(a) and 4(b) , a baseline CT scan and a FU CT scan are presented, respectively, with the lesion outlined by the radiologist. Figure 4 (c) shows a zoom-in view of Fig. 4(b) . Figure 4(d) shows an example of the baseline mask Ma (white), where the areas in black are masked out by Ma. Similarly, Fig. 4(e) shows the intensity mask Mb on the FU CT scan. Figure 4 (f) shows mask Mc, the ribs and muscles removal mask, and 4(g) shows the final search area created by applying the masks on the FU slice of interest. Finally, Fig. 4(h) shows the output result: FU CT scan with lesion automatically outlined by applying adaptive region growing and mean-shift refinement.
Propagating in Three Dimensions
The final result of the previous step is a 2-D segmentation mask of the lesion within the most similar slice as found by our method. Two main considerations prompted us to extend this result to 3-D. The first is the goal of segmenting out lesions in 3-D, along with their 3-D properties (such as volume). The second consideration relates to algorithm evaluation needs. Human expert segmentation in the FU CT volume is conducted on a slice selected by the expert. The automated algorithm slice selection often fails to return the result in the exact same slice, which makes it imperative to propagate the extracted 2-D segmentation mask in the z-direction until we have both manual and automated segmentation results on one slice, after which we can use various contour matching evaluation measures for the evaluation.
The propagation process is based on similar steps as in the main segmentation algorithm. We start with the selected slice from Sec. 2.1 as the baseline slice with the lesion segmentation mask found by the proposed automated algorithm. Each neighboring slice is then treated as a FU slice for which we need to find the corresponding lesion mask. To support the process, mean-shift clustering is performed on each of the neighboring slices. The area within a new slice, in which the lesion is searched, is constrained by a priori context masks similar to the procedure discussed in Sec. 2.2. We propagate the known mask to the neighboring slice and rank each region in the mean-shift map, which falls in the propagated mask area, based on relative size and overlap with the propagated mask. Regions that have low likelihood of being part of the lesion are filtered out. We assume that if a region is part of the lesion it will have a large overlap area with the propagated mask. The final overall area should not be much larger than the area of the propagated mask. The relative weight of the size and overlap characteristics in the mean-shift region selection process is manually adjusted using sigmoid functions. 10 The output of these functions is combined by addition. The initial segmentation includes all regions that fall in the propagated mask; regions with low ranking are removed one at a time until similar compactness (AE0.02), mean intensity (AE25 HU), and STD ratio (<0.5) as the lesion in the neighboring slice is achieved. The final segmentation of each slice is followed by convex hull, opening, and closing. If the neighboring (FU) segmentation mask is found to be 30% smaller than the propagated mask, we assume that the next segmentation mask will show a similar trend. In this case we add a condition that limits the next segmentation mask area to be smaller. This can be problematic if the lesion is not convex, so we also include a safety range of 50 pixels: if a decreasing trend is detected, we use the following condition: Area · next ≤ Area · previous þ 50 pix.
Final Segmentation Refinement
The output of the previous step is a 3-D segmentation of the FU scan. To improve the segmentation quality, we added a casespecific refinement step. For each slice containing a segmentation mask whose LD is less than 27 mm, we use active contours (without edges) 20 employing the segmentation mask for initialization. The influence of the convex hull and the morphological operators on smaller lesions is greater, so the use of the active contour refinement step minimizes the FPs and can also add true positives in the case of expansion of the contour. We also use active contours to refine the segmentation of lesions whose intensity mean and STD under the segmentation mask satisfy I mean > 80 HU and I std > 19 HU. These lesions have an intensity range that overlaps with the liver parenchyma; this refinement step helps distinguish between them using the segmentation mask. For large lesion segmentation masks, whose LD is larger than 50 mm, we use the geodesic active contour method 21 biased toward shrinking inward, assuming that the initial segmentation boundary is outside the lesion. For lesions whose LD is less than 27 mm, another boundary refinement step is applied. For each point in the boundary of the segmentation mask, we open a 3 × 3 ROI, checking which pixel intensities satisfy E Q -T A R G E T ; t e m p : i n t r a l i n k -; s e c 2 . 5 ; 3 2 6 ; 1 2 7 jROI pix − I mean j ≤ w · I std and
where ROI pix is a pixel in the ROI and outside the lesion boundary, ROI center is the center pixel of the ROI which is a part of the lesion boundary, and I mean and I std are the mean intensity and STD of the lesion in the segmentation mask, respectively. Pixels satisfying the following condition are added to the segmentation mask by local convex hull in each ROI. The final result is smoothed by opening and closing. We used w ¼ 2 and threshold ¼ 20 HU in our method.
Experiments and Results
Database
The data used in the current work include CT scans from Sheba Medical Center, conducted in the period from 2009 to 2014. Different CT scanners were used with 0.7090-1.1719 mm pixel spacing, 1.25-5 mm slice thickness, 120 KVP, and different convolution kernels (GE-standard/CHST, Siemens-B31s, Phillips-B/C). The scans were selected and marked by a radiologist. They include 79 patients with overall 127 lesion FU cases. Twenty-seven patients had more than one lesion marked; five patients had more than one FU scan conducted at intervals of several months. The data were divided into two sets as follows: development set with 22 cases of 12 patients and an evaluation set with 105 cases of 67 patients. The data include various liver metastatic lesions derived from different tissues showing melanoma, breast cancer, colon cancer, neuroendocrine, and pancreatic cancer.
Algorithm Performance Evaluation
We computed the number of lesions that were correctly identified in the FU: 94 out of the 105 lesions were detected for an overall matching rate of 90%. We evaluated the algorithm's segmentation performance using the Dice index, and calculated the sensitivity and positive predictive value (PPV) according to the following equations:
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 1 ; 6 3 ; 3 7 8 Dice ¼
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 2 ; 6 3 ; 3 3 3 Sens ¼
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 3 ; 6 3 ; 2 9 3 PPV ¼
The results are shown in Tables 1 and 2 . The tables present a comparison of the automated algorithm results with those of the human expert "reference standard" [see Fig. 4(c) for example]. We obtained an average Dice index of 0.83 AE 0.08, an average sensitivity of 0.82 AE 0.13, and an average PPV of 0.87 AE 0.11 for the evaluation set ( Table 2 ).
The mean LD of all lesions on the baseline CT was 29.0 AE 15.3 mm and 29.6 AE 14.7 mm for lesions on the FU CT. When using the RECIST 1.1 criteria and comparing the sum of LDs per patient for each FU CT, 58 out of 66 cases (88%), resulted in the same RECIST diagnosis as the "reference standard." In three cases, which did not result in the same RECIST diagnosis and were rated by radiologists (they were a part of the data presented in Table 3 ), two were rated as good or very good and one as acceptable.
To evaluate the algorithm's performance for lesions of different sizes, we divided the lesions into three groups: small lesions with LD less than 2 cm, large lesions with LD more than 5 cm, and medium-sized lesions with LD in the range of 2-5 cm. As mentioned above, there are several classes of lesions that are more problematic for detection and segmentation. These include heterogeneous lesions and lesions with low contrast. We evaluate the results in the different groups next. Table 4 presents the algorithm's performance for 13 small lesions, 2 large lesions, 22 medium lesions, and 9 heterogeneous and low-contrast lesions that were classified by a radiologist for a set of 37 test cases. Next, we evaluated the system results by the human experts for the same set of 37 test cases. A two-reader consensus was provided for each segmentation result. A five-point scale was used: very bad, bad, acceptable, good, or very good. The results are summarized in Table 3 . In 92% of the cases, the results were classified as acceptable or better (0, +, ++).
Agreement between our segmentation and the manual "reference standard" was assessed by concordance correlation 22 and the Bland-Altman analysis 23 of the LD for 37 test cases. The concordance correlation between the "reference standard" measure of the LD and the automated segmentation measure was 0.98. The mean difference between the LD measures was −0.6 mm with 95% limits of agreement of 5.6 mm (Fig. 5) .
Examples of the algorithm results rated as "very good" are shown in Fig. 6 . A peripheral hypodense lesion is shown in Fig. 6(a) . In this case, it is difficult to distinguish between the metastatic lesion and adjacent muscle that has almost the same density. In Fig. 6(b) , the lesion has hypodense and hyperdense parts. This makes it difficult for the adaptive region-growing algorithm to find the optimal threshold. In the case shown in Fig. 6(c) , the lesion has a similar intensity as the parenchyma and is very small, which makes it difficult to distinguish between them. An example of an algorithm result that was rated as "very bad" is shown in Fig. 7. 
Comparison to Possible Algorithm Variations
This section assesses three algorithm steps and evaluates their contribution to the results, as compared to possible variations.
Comparison to Xu et al. 14
The current work was motivated by Xu et al., 14 in which abnormal lymph nodes in serial CT exams are segmented using context from the baseline image, followed by an adaptive regiongrowing algorithm. We next compare two algorithm steps of the presented methodology to the methodology described in Xu et al. 14 For the next set of experiments, we used a randomly selected set of 59 test cases (out of the 127 lesion FU cases). One component is the alignment step, or registration. In Sec. 2.1, we started the matching process with a 2-D affine registration step to find the initial similar slice in the FU scan (as based on the marked slice in the baseline scan). It is worth inquiring why we did not use 3-D registration in this alignment step. The use of 3-D rigid registration as an initial step is part of the alignment method of Xu et al. 14 In our first experiment, we assess the relative advantages of 2-D versus 3-D as follows: in the process of FU slice selection (Sec. 2.1), we use 3-D rigid registration instead of the 2-D affine registration. We used the Image registration toolkit (IRTK) and used the same parameters as in Ref. 14. Eventually, the parameters that gave the best results were manually established. These consisted of a hierarchical coarse-to-fine approach with control point spacings of 10, 5, and 2.5 mm. At each stage, the output transformation of the previous step was used as the starting point. The stopping condition for the optimization was either no further improvement in the sum of squared differences or reaching a maximum number of 10 iterations at each level. Table 5 summarizes the results of the comparison. It can be seen that in our experimentations, using 3-D rigid registration instead of the 2-D affine registration resulted in half of the detected lesions and reduced the matching percentage by half. The second experiment includes a comparison to the segmentation steps presented in Xu et al. 14 We implemented a similar segmentation framework to the one described in their work, which includes four main steps: (1) identify tissues surrounding the lesion in a cross section of the baseline scan; (2) register the FU scan to the cross section in the baseline scan; (3) recognize tissue regions surrounding the lesion in the FU scan; and (4) segment the lesion by region growing and clustering. The segmentation framework used in this experiment is similar to ours except for three main components we added to their work. In comparing the methods, we note the following: (1) Mask Ma and mask Mb (Sec. 2.2) have similar properties to the masks presented in Xu et al. 14 Mask Mc in our presented methodology was added to deal with peripheral lesions in order to mask out muscle tissue. (2) Two intensity-based conditions were added as part of the region-growing process (Sec. 2.3). The updates to the region-growing algorithm were made to ensure similar HU characteristics to the baseline lesion. (3) Algorithm refinements were added to support handling of special cases, such as peripheral lesions (Sec. 2.1), low contrast or lesions with high variability (Sec. 2.3), and small lesions (Sec. 2.5). Table 6 summarizes the results of the comparison. Our proposed segmentation algorithm provided better results in terms of Dice index and PPV. The segmentation sensitivity results were higher using the Xu-based segmentation framework but resulted in a much lower PPV. Segmentation results of the two approaches for two cases are shown in Fig. 8 shows the need for intensity constraints using the lesion from the baseline as reference for stopping the region-growing process in cases where strong differences in gray level values exist between the lesions.
Importance of the masks
In a third experiment, we evaluate the importance of the masks presented in Sec. 2.2. These masks are used to provide region constraints in the search for lesions. Table 7 shows the Dice index, sensitivity, and PPV with and without the masks. Note the increase in performance of around 5% (in PPV and Dice) with the use of the masks.
Parameter Optimization
The parameters used in the mean-shift algorithm were the spatial bandwidth ðh s Þ ¼ 6 pixels (defines a spatial search window), the range bandwidth ðh r Þ ¼ 10 HU (controls the gray-level intensity resolution), and the smallest allowed output region of 10 pixels to prevent oversegmentation. The additional parameters used in the method were intensity factors ðw a ; w b Þ for masks Ma and Mb and parameters related to the maximal intensity differences between the lesion in the baseline and the region found using adaptive region growing. The following optimization steps were applied on a smaller dataset consisting of 12 patients and 22 test cases. To find the optimized parameters values, we varied h r and h s and calculated the performance for each value using the mean Dice index. Similarly, we varied the intensity factors ðw a ; w b Þ and calculated the mean Dice index (Fig. 9 ). Figure 9 (a) shows that the mean Dice was relatively constant for w b ≥ 2. In a similar way, Fig. 9 (b) shows the mean Dice was relatively constant for w a ≥ 2.5. Figure 10 indicates that the mean Dice index was relatively constant with h r . In Fig. 11 , a similar trend is shown when changing h s . Hence, the algorithm is not sensitive to these parameters within the given test range. Based on these optimizations, we used w a ¼ 3, w b ¼ 2, h r ¼ 10 HU, and h s ¼ 6 in our experiments. The heuristics for the adaptive region growing and the 3-D propagation were manually established on the small dataset. Our method uses nonrigid 2-D cubic B-spline registration for the final alignment. We compared this to the affine registration using a marker-based approach on a small dataset by marking five points inside the vertebra, three points inside the aorta, and 20 points inside and outside the liver adjacent to its boundary. We also measured the center of mass of the lesion in the baseline and its distance from the center of mass of the lesion in the FU after registration, using the expert's marks. For the affine registration, we computed an average of 1.7 errors in the location of the markers per case, with a mean distance of 7.8 mm from the center of mass of the lesion in the FU. The nonrigid registration had an average of 0.3 errors and a mean distance of 5.8 mm.
Therefore, the nonrigid registration was more accurate than the affine registration and more suitable for the final alignment.
Discussion
Matching Rate
The main difficulties involved in identifying the correct lesion are considered to be the presence of multiple metastases, the difference in contrast agents, and a considerable large change in the position of the patient between scans. The presence of multiple metastases may cause the algorithm to detect and segment a similar nearby lesion instead of the correct lesion. The difference in contrast agents and change in position between scans can cause the registration to fail and lead to erroneous slice detection. Overcoming all the difficulties listed above, our results show that the proposed method detected the correct lesion in the FU CT scan in 94 out of the 105 test cases, for a high matching rate of 90% using only a single baseline CT slice with an outlined lesion. Using the baseline slice instead of the entire 3-D CT examination 14 provides a prior regarding important locations; i.e., it yields slices that are similar to the slice in the baseline rather than having to find the best alignment between two 3-D datasets with no prior. Our algorithm imitates the radiologists way of work by first searching for the corresponding slice in the FU scan, which should have similar Fig. 9 Mean Dice index as a function of (a) FU-intensity factor -w b and (b) baseline intensity factor -w a . Fig. 10 Mean Dice index as a function of range bandwidth. anatomical appearance, then searching for the lesion and finally measuring its size. Table 2 shows the segmentation results. The Dice index for the 94 segmented lesions was 0.83 AE 0.08. Table 4 shows that the segmentation measures for the small lesions (LD under 2 cm) were not significantly lower, with an average Dice index of 0.79 AE 0.07. This makes sense since we had fewer pixels to take into account in the segmentation measure calculation. For large lesions (LD over 5 cm), the results were higher with an average Dice index of 0.89 AE 0.002, which is still not significantly different than the measure for the entire lesion set. The slight increase is again due to the overall pixel amount present. For the heterogeneous and low contrast lesions classified by the radiologist, the average Dice index was 0.80 AE 0.08, which is close to the average Dice index for the entire dataset. In Table 3 , the expert's rating results show that in 92% of the cases the results were classified as acceptable or better and in 81% the results were classified as good or very good. Comparing the LD manually measured by the radiologist and automatically by our method yielded a concordance correlation coefficient of 0.98. Testing the RECIST 1.1 criteria using our method compared to "reference standard" indicated 88% success. In those cases, in which a discrepency was found between the experts rating and the automated method (with the method generating an erroneous diagnosis according to RECIST 1.1 criteria), the experts still rated the automatic segmentation as acceptable or better. This implies that these cases are borderline cases.
Segmentation
Related Prior Art
The presented algorithm is an extended version of our previous work. 15 In Ref. 15 , the objective was to find the corresponding lesion in one slice and to provide a segmentation mask in that slice, ignoring the entire CT volume. In the current version, we added a 3-D propagation step and an improved alignment step to deal with the entire CT volume. Moreover, we extended our dataset from 27 cases to 127 cases, with 22 cases in the development set and 105 cases in the evaluation set.
The contribution of this method over the prior art includes the following:
• Most works presented in the literature include semi-automatic segmentation 6,9,13 of lesions. In our method, the lesion is detected and automatically segmented in the FU CT.
• Other works may be automated but are shown with human refinements along the way (when needed). 12 The results shown in our work are presented with no human intervention.
• Our method is lesion specific. Given a specific lesion of interest and its segmentation mask in the baseline examination, the goal in the current work is to detect and segment the same lesion in a FU examination. This scenario is different from many other automated detection and segmentation methods, 6, 11 which are designed to work on all liver lesions.
• The method presented by Xu et al., 14 which is designed to work on lymph nodes, is augmented here to work on liver metastatic lesions. The main components that were modified are the detection framework, the masking of irrelevant tissues, the adaptive region-growing process and specific features we added to deal with the large variability of liver metastatic lesions in size, shape, and texture, as well as change in lesion location due to liver movements between scans.
Limitations
Our algorithm relies on the assumption that tissues surrounding the lesion do not substantially vary between the baseline CT and the FU CT. Thus, we can use the information given in the baseline CT to locate and segment the lesion in the FU CT. This assumption can be violated if a patient has surgery between scans, if there is substantial change in the size of the lesion that causes the liver to deform, or any other condition where the surrounding structures change. In such cases, the registration may fail to find the correct slice and will produce an incorrect segmentation. Our algorithm was developed to segment lesions in 2-D. The segmentation mask is propagated to 3-D and we believe it is applicable to 3-D volumes, though validation requires further studies. Another limitation is that our algorithm cannot detect large morphological changes in the lesions such as merging, splitting, and disappearing. We used manual circumscription of the lesions in the baseline images, but our method is applicable to any type of initial segmentation in the baseline CT, such as automated segmentation. Our algorithm was developed to work on CT scans in the portal phase and was not tested on multiphase CT scans.
Conclusion
Our objective was to create an automated methodology for detection and segmentation of liver metastatic lesions in sequential CT scans, given a baseline segmentation mask. The initial results presented here look promising. We achieved high sensitivity and high Dice segmentation results as well as a high matching rate on a set of 105 lesion FU cases (67 patients). Using the RECIST diagnosis criteria, we obtained a success rate of 88%. Additionally, expert ratings of the automated system segmentation results were in strong agreement.
A key contribution of this work is the fact that the data were taken from a real-world clinical setting, with varying scanner properties and varying types of liver metastatic lesions including homogeneous, inhomogeneous, hypodense, and hyperdense lesions. We are currently expanding the method to 3-D segmentation and continuously increasing the dataset from the CT abdomen unit at Sheba Medical Center. It is our belief that working on real clinical setting data for a robust system has great potential value from a clinical perspective. The methodology presented comprised detection and tracking components that can be generalized to additional pathologies in the clinic.
